The 'unusually uncertain'phase in the global …nancial markets has inspired many researchers to study the e¤ects of ambiguity (or "Knightian uncertainty") on the decisions made by investors and its implications in the capital markets. We contribute to this literature by using the time-varying GARCH model of Amado and Teräsvirta (2011) to analyse whether the increasing uncertainty has caused excess volatility in the US and European government bond markets. In our model, volatility is multiplicatively decomposed into a stable conditional variance and time-varying unconditional volatility components. We suggest that the time-varying risk is captured by the conditional volatility parameters, whereas the time-variation in the unconditional volatility is driven by the level of uncertainty in the markets.
Introduction
For the past …ve years the global …nancial market has not lacked drama. Some of the unexpected events that investors have had to deal on recent years include the credit crunch and the liquidity crisis, the collapse of Lehman Brothers, an highly volatile global stock and bond markets, the ‡ight to gold and other safer assets, and, last but not least, the freezing government bond market and country bailouts in the euro area. These events have been kept …nancial economists and econometricians busy trying to understand the fundamental causes of these …nancial market movements.
One ‡ourishing …eld of research aiming to understand the behavior of the market participants during the recent …nancial crisis has focussed on ambiguity aversion. This literature suggests that investors are aversive not only to risk but also to ambiguity. The concept of risk di¤ers from ambiguity by the fact that risk means uncertainty with known probabilities of possible outcomes, while ambiguity refers to uncertainty with unknown probabilities (Knight, 1921) 1 . For decades risk has had a crucial role in the …nance literature in terms of asset valuation. More recently, especially after the global …nancial crisis 2 , the e¤ects of ambiguity aversion on economic decision-making and its implications on capital markets has gained the interest of researchers.
Recently, a number of models linking ambiguity aversion to the observed crisis times market dynamics have been proposed. These include, among others, the freezing liquidity (Easley and O'Hara, 2010), ‡ight-to-quality e¤ects (Caballero and Krishnamurthy, 2008) , contagion (Routledge and Zin, 2009 ), over-and under-reactions to news (Epstein and Schneider, 2008) and excess volatility (Illeditsch, 2011) . The latter author studies the optimal portfolios and equilibrium asset prices when investors receive information, whose impact on asset value is di¢ cult to judge and it is therefore ambiguous. Moreover, Illeditsch (2011) shows that the desire of investors to hedge against uncertainty leads to excess volatility. In addition, he argues that the interaction between risk and uncertainty can cause drastic changes in the stock prices even when the shocks themselves are small, which may explain the large increase in volatility after unexpected events.
This paper addresses the linkage between ambiguity and volatility. In particular, we examine if the uncertainty drives the time variation in the unconditional volatility for the US, German and French government bond daily returns from 2000 until 2011. For this purpose,
we shall use the time-varying GARCH model (TV-GARCH) of Amado and Teräsvirta (2011) , which has shown to capture well the long-term volatility movements in …nancial return series.
It is assumed that volatility is multiplicatively decomposed into a conditional and an unconditional component where the latter one is allowed to evolve slowly over time. We suggest that the time-varying risk is captured by the conditional volatility, whereas the time-variation in the unconditional volatility is driven by the level of uncertainty in the markets.
To measure uncertainty we shall consider several alternative measures proposed in the literature. Thereafter, we shall test against a time-varying unconditional volatility to determine the most suitable transition variable. Our alternative measures include the bid-ask spread, which have been proposed as a measure of uncertainty due to strong linkage between uncertainty and liquidity (Epstein and Schneider, 2008 ; Easley and O'Hara, 2010), the VIX index, often used as an indicator for global market sentiment or fear (Whaley, 2000) , and several alternatives of these two indicators. The VIX index has been used as a measure of uncertainty to study, for example, the e¤ect of uncertainty in the reactions of investors to earnings news. Illeditsch (2011) , in the sense that higher uncertainty (measured by the variation in the VIX index) leads to remarkably higher unconditional volatility in the government bond markets for the studied countries.
This paper aims to contribute to the literature on ambiguity aversion, and to our knowledge, this is the …rst paper showing empirically that higher uncertainty leads to excess volatility in the terms of higher unconditional volatility. Also, we contribute to the TV-GARCH model literature by using a measure of uncertainty, instead of time, to determine the transition between the lower and upper regimes of volatility. Furthermore, we propose the variability in VIX index as a measure of uncertainty, that has not been used, to our best knowledge, in the ambiguity aversion literature.
Our paper may also have more practical relevance. The ability to understand and to model volatility is crucial for investors and therefore our results can be interesting in the point of view of practitioners, who need the estimates and forecasts of the return volatility everyday in portfolio management, security pricing and risk management.
The paper proceeds as follows. Section 2 summarises the literature related to ambiguity aversion. The data are described in Section 3. The TV-GARCH model is presented in Section 4. The results of our empirical study are presented in Section 5. Finally, Section 6 concludes.
Background literature
This section summarises the literature related to ambiguity aversion. We …rst explain the concept of ambiguity aversion and then review a few theoretical models focusing on the implications of ambiguity in the decisions made by investors. We shall continue with the proposed measures for uncertainty and …nally we shall summarise the …ndings of the empirical studies on ambiguity aversion in the capital markets.
Ambiguity aversion
The discussion to di¤erentiate between risk and uncertainty is not new. The concept of uncertainty goes back to Knight (1921) who argued that investors are not able to formulate unique priors over all possible outcomes because they lack of relevant information. Ellsberg (1961) was the …rst to demonstrate the investor's aversion of such type of uncertainty 3 .
He showed that individuals are aversive to ambiguity and therefore they can make choices that are inconsistent with the standard expected utility axioms. Gilboa and Schmeidler (1989) also suggested an axiomatic approach to formulate the ambiguity aversion in a decision-theoretic framework. In their max-min expected utility model, investors have multiple priors due to uncertainty, and because of their ambiguity aversion they end up basing their decisions on the worst case scenario 4 . Hence, they are maximising their utility under the worst of all possible outcomes, conducing them to act cautiously which can have implications, for example, on asset valuation. 3 Ellsberg's experimental study showed that individuals can act inconsistently with the axioms of the expected utility hypothesis when faced with uncertainty. This violation is called Ellsberg's paradox and it is described with the following example. There are two urns, each containing a mix of red and blue balls. Urn 1 contains 100 balls with an unknown number of red and blue balls. Urn 2 contains 50 red and 50 blue balls and hence the probability of either a red or blue ball is drawn equals 1/2. The subjects are aware of this and are asked to choose between one of two gambles: a) ball drawn at random from Urn 1: $100 if red, $0 if blue; b) ball drawn at random from Urn 2: $100 if red, $0 if blue. From these two choices, the subject tends to choose b), where probabilities are equal to 1/2. This implies that they believe that P (red in U rn1) < 1=2: The subjects are then asked to choose from another pair of gambles: c) ball drawn at random from Urn 1: $100 if blue, $0 if red; d) ball drawn at random from Urn 2: $100 if blue, $0 if red. Now, again subjects tend to choose the choice with the known probabilities: d). This implies that they believe P (blue in U rn1) < 1=2 and that in turn implies that P (red in U rn1) > 1=2; which contradicts the choice of b) over a) in the …rst gamble. The Ellsberg paradox therefore suggests that people dislike situations where they do not know the probability distribution of possible outcomes. 4 There are several alternative forms of conceptualizing the preferences with ambiguity aversion (see Billiot et al. 
Theoretical models
There is an extensive theoretical literature focusing on the discussion of the e¤ects of ambiguity aversion on investment decisions and asset prices. Allen and Gale (1994) and Cao et al. (2005) , to name a few, suggest that ambiguity aversion can explain the high degree of nonparticipation in the …nancial markets. It has also been suggested that ambiguity aversion can have implications on liquidity. Easley and O'Hara (2010) argue that ambiguity aversion can lead to sudden market freezes as experienced in the recent …nancial crisis. On the other hand, Caballero and Krishnamurthy (2008) show that, when the aggregate liquidity is limited, an increasing uncertainty can generate the ‡ight-to-quality phenomenon. In addition, according to Routledge and Zin (2009) , uncertainty leads to contagion through hedging and portfolio adjustments. These authors also suggest that uncertainty can also drastically reduce liquidity due to the increase of the bid-ask spreads.
Ambiguity can also a¤ect the form investors process information. Epstein and Schneider (2008) conclude that investors react asymmetrically to new information due to the aversion on ambiguity in evaluating the meaningfulness of information on the asset value. They show that ambiguity averse investors assume bad news to be precise and good news to be imprecise (the worst case scenario). This leads to overreacting to bad news and underreacting to good ones. Cascey (2009) defends that ambiguity aversive investors causes persistent mispricing in the market. Ambiguity averse investors prefer to base their trades on aggregate signals in order to reduce ambiguity. Hence, the prices of equilibrium do not re ‡ect all public information.
Measuring uncertainty
One of the most critical and di¢ cult issue in empirical studies of ambiguity aversion is to …nd a measure for uncertainty. It is necessary to have such measure in order to test the implications of the theoretical models on ambiguity aversion. One of the used uncertainty measures is the dispersion of the market participants'forecasts or opinions on the statistics of a …rm or country. As an example, the more the market participants disagree on the next GDP growth …gure, the higher is the uncertainty related to the economic growth. This measure of uncertainty has been used in Zhang (2006) advantage of these proxies is that they are available at any frequency. However, these liquidity measures also tend to re ‡ect information on liquidity risk premium, which can be di¢ cult to disentagle from uncertainty premium. Regardless of the potential problems of interpreting the VIX, it has been used widely as a measure of uncertainty in empirical studies. Williams (2009) argues that using the VIX index as a measure of uncertainty without extracting the 'expected risk' does not provide any obvious bias even though it can increase the level of noise in the uncertainty estimate.
More recently, Drechsler (2012) shows that the level of the VIX index and the dispersion of the individual macroeconomic forecasts are highly correlated. This in turn supports the interpretation of the VIX index as an uncertainty measure. Despite of the extensive theoretical literature, the empirical research on ambiguity aversion is not yet very extensive. Our paper aims to contribute to this literature. In particular, we empirically study the linkage between uncertainty and volatility. One of the main …ndings is that the unconditional volatility in bond markets tends to be remarkably larger for higher levels of uncertainty. The results support the recent theoretical paper by Illeditsch (2011) wherein he suggests that the desire of investors to hedge against ambiguity leads to excess volatility.
Empirical literature

Data
In this section, we …rst describe the …nancial market data used in the empirical study and then discuss the di¤erent alternatives to measure uncertainty. Summary statistics for the data can be found in Table 1 . The mean of the returns is slightly negative for the three bond series. It is seen that the standard deviation is the highest for the US bond and the lowest for the French government bond. The results indicate that the three bond series have a highly skewed and signi…cantly fat-tailed distribution. Because of few outliers, we also provide robust skewness and kurtosis estimates; see Kim Since uncertainty is not easy to measure, we shall consider several candidates that function as a proxy for uncertainty. We have not used any measure based on the dispersion of the market participants' forecasts given the daily frequency of our data. Instead, we focus on di¤erent market data based on indicators of uncertainty. We shall consider the VIX index and the bid-ask spread 5 as alternative indicators for uncertainty. For these measures, we shall consider four di¤erent manners for the indicator variable: in levels, changes in levels, absolute changes, and squared changes. The di¤erences among these four alternatives are highlighted in Figure 2 .
Typically, the level of the VIX index is considered as a measure of uncertainty. The changes in levels of the VIX allow us to examine if the change of magnitude in uncertainty a¤ects the volatility of the bond markets. Either the absolute changes or the squared changes of the VIX measure the variability of the VIX index. This may be interpreted as 'uncertainty in uncertainty'. As mentioned before, the level of VIX can also be interpreted as the expected risk. In this context, higher variability in the expected risk means higher uncertainty. Both the absolute changes and squared changes in the VIX index can be used as measures of uncertainty. The main di¤erence is that the squared changes in the VIX index shall place more weight to larger changes than the absolute changes. 5 Bid-ask spread is the spread between the bid and ask prices of the bond series. This graph presents four alternative manners for describing market uncertainty with the VIX-index: levels, changes in levels, absolute changes and the squared changes in the VIX-index.
The time-varying GARCH framework 4.1 The model
In this paper the tool for modelling returns of …nancial series is the time-varying GARCH (TV-GARCH) model of Amado and Teräsvirta (2011) in which the unconditional variance can evolve smoothly over time. We shall consider that the return series fy t g has the following speci…cation:
where F t 1 is the information set containing the historical information available at time t 1: For simplicity, we set the conditional mean equal to zero, that is, E(y t jF t 1 ) = 0:
The innovation sequence f t g is a sequence of independent normal random variables with mean zero and variance one. Under this assumption, " t jF t 1 N (0;
The time-varying conditional variance 2 t is multiplicatively decomposed as
where h t describes the short-run dynamics of the variance of the returns, whereas g t captures the long-term dynamic behaviour of market volatility. Here, the conditional variance h t is modelled as the GARCH(p; q) process
where " t = " t =g 1=2 t . Equation (4) satis…es the set of conditions for positivity and stationarity of the conditional variance. The GARCH(p; q) model is nested in (3) when g t 1:
In this work, we assume that the unconditional variance g t is a smooth time-varying function that is driven by an uncertainty measure. More speci…cally, it is de…ned by a linear combination of logistic transition functions as follows
where l ; l = 1; : : : ; r; are parameters, and G(s t ; l ; c l ) is the general logistic transition function:
; l > 0; c l1 c l2 : : : c lk :
The transition function (6) is a continuous and non-negative function bounded between zero and one. Furthermore, the transition function allows the unconditional variance to vary smoothly over time between di¤erent regimes according to the transition variable s t :
The parameters c lj and l determine the location and the speed of the transition between di¤erent regimes. Equations (1)- (6) de…ne the TV-GARCH model. When r = 1 and k = 1;
the function g t increases (decreases) monotonically over time as a function of s t from 1 to 1 + 1 when 1 > 0 ( 1 < 0); with the location centred at c 11 : The slope parameter l in (6) controls the degree of smoothness of the transition: the larger l ; the faster the transition is between the extreme regimes. When l ! 1; g t collapses into a step function. When l 6 = 0; for values r > 1 and r > 1; equations (5) and (6) form a very ‡exible parameterization capable of describing nonmonotonic stochastic changes in the unconditional variance.
The modelling cycle
The model-building cycle for the TV-GARCH model in (1)- (6) is similar to the speci…c-togeneral strategy for nonlinear models of the conditional mean considered in, among others, Teräsvirta (1998) and Teräsvirta, Tjøstheim and Granger (2010, Chapter 16). The strategy for building TV-GARCH models is based on statistical inference and it consists of the speci…cation, estimation and evaluation of the model. At the speci…cation stage, one has …rst to model the dynamics of the short-run component h t and, thereafter, to specify the long-term volatility g t : In practice, the parametric structure of the latter component has to be determined from the data, which involves …nding the number of transitions r in (5) and selecting the integer k; when r 1: We shall apply the procedure of Amado and Teräsvirta (2011) for selecting r and k.
The modelling cycle for specifying the TV-GARCH model consists of the following stages:
1. Begin by …rst modelling the conditional variance component h t as in (4) with p = q = 1 under the assumption that g t 1: This may be preceded by testing the null hypothesis of no ARCH. The number of functions g t is determined thereafter by sequential testing. This is done as follows. First, test the hypothesis of constant unconditional variance
at the signi…cance level (1) 
where j = 
at the signi…cance level
; where 2 (0; 1): In our application we set = 0:5:
The signi…cance level is reduced at each stage by a factor in order to favour parsimony.
Again, model (9) is not identi…ed under the null hypothesis. To circumvent the problem we proceed as before and replace the logistic function G 2 (s t ; 2 ; c 2 ) by a third-order
Taylor approximation around 2 = 0: After rearranging terms we have
where ' j = j 2 e j ; e j 6 = 0 and R 3 (s t ; 2 ; c 2 ) is the remainder. The new null hypothesis based on this approximation becomes H 0 02 : ' 1 = ' 2 = ' 3 = 0: Again, this hypothesis can be tested using a LM test. If the null hypothesis is rejected, specify k for the second transition and estimate g t with two transition functions.
3. More generally, when g t has been estimated with r 1 transition functions one tests for another transition in g t using the signi…cance level 
Empirical results
In this section we shall present the results of our empirical analysis. We …rst present the estimation results of the TV-GARCH model and then discuss the results of some diagnostic tests.
Speci…cation of the long-term volatility for the bond returns
We begin the modelling strategy by specifying the unconditional variance component for each bond series. First, one has to determine the number of transitions for each bond series.
Second, if r 1; one also has to select k for each transition function (6). This is done using the sequence of speci…cation tests described in Section 4.2. The initial signi…cance level of the sequence of tests is In the US bond series, the p-value is slightly smaller for the squared changes than the absolute changes in VIX. Because this di¤erence is only marginal, we shall use the absolute changes in the VIX index as transition variable in the TV-GARCH model for the three series.
Since the test detects time-variation in the unconditional variance, the next step is to select the order k in (6). This is done by using a short sequence of tests within (8) . If the smallest p-value corresponds to the LM 2 test, then choose k = 2; otherwise choose k = 1; for details see Amado and Teräsvirta (2011) . The columns 4-9 presents the results of the test sequence. It is seen that the strongest rejection occurs for k = 1 for the three bond series. 
Estimation results
To examine the importance of uncertainty in the time-variation of unconditional variance in the …nancial bonds market, we shall estimate the TV-GARCH(1,1) as outlined in Section 4.1. The absolute changes in the VIX index shall be used to represent uncertainty and to determine the transmission between the low and high unconditional volatility. Tables 3-4 present the estimation results for the TV-GARCH model in (1)- (6) for the US, Germany and France 10Y government bonds. 3775:8 Table 3 contains the estimates for the parameters of the short-term conditional variance component. When the unconditional volatility changes over time, the stability condition To evaluate the adequacy of the estimated TV-GARCH(1,1) model we apply some diagnostic tests of Amado and Teräsvirta (2011) . We perform tests against remaining ARCH in the standardised residuals, for parameter constancy, and tests of no remaining nonlinearity.
The results of the misspeci…cation tests can be found in Hence, the diagnostic tests suggest a fairly good speci…cation for the model. The model with one transition is thus accept as the …nal parameterization for the three bond series. 
Conclusions
The recent model by Illeditsch (2011) on ambiguity aversion assumes that investors are not only aversive to risk, but also to uncertainty. He claims that the interaction between risk and uncertainty can cause drastic changes in the prices of …nancial assets even when the shocks are mild, and this therefore causes excess volatility in the market. To test the implications of such model empirically is not that easy, because of the problem in disentangle the volatility caused by changes in risk and uncertainty.
We contribute to this literature by proposing a model that addresses the linkage between uncertainty and volatility. The tool for modelling is the TV-GARCH model of Amado and Teräsvirta (2011) , which decomposes volatility into a conditional and an unconditional component. The conditional volatility component is able to capture the short-term volatility ‡uctuations, whereas the unconditional volatility captures the long-run volatility. In this work, we consider that the time-varying level of unconditional volatility is driven by the level of uncertainty (measured by the variation in the VIX index) in the …nancial markets. In this model, the conditional volatility component can be interpreted as the time-variation in risk and the long-term variance the uncertainty. When the unconditional volatility is allowed to change with the level of uncertainty, the conditional volatility meets the stability restrictions that they otherwise would not do. This model may be seen a better alternative to the standard GARCH model for …tting …nancial market data in samples covering periods of unusual uncertain times. Our model is applied to the daily US and European (Germany and France) 10Y government bond returns and the results suggest that higher uncertainty leads to signi…cantly higher unconditional volatility for the three bond series.
Our main aim is to contribute to the literature on ambiguity aversion but this study may also be useful for the practitioners who need to estimate and forecast volatility everyday in portfolio management, security pricing and risk management, and have struggled in the past couple of years with the "bad behaving volatility".
